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Healthy aging is associated with weaker functional connectivity within resting state brain 30 
networks and stronger functional interaction between th se networks. This phenomenon has been 31 
characterized as reduced functional segregation and has been investigated mainly in cross-32 
sectional studies. Here, we used a longitudinal dataset which consisted of four occasions of 33 
resting state fMRI and psychometric cognitive ability data, collected from a sample of healthy 34 
older adults (baseline N = 232, age range: 64 - 87 y, age M = 70.8 y), to investigate the 35 
functional segregation of several well-defined resting state networks encompassing the whole 36 
brain. We characterized the ratio of within-network and between-network correlations via the 37 
well-established segregation index. Our findings showed a decrease over a 4-year interval in the 38 
functional segregation of the default mode, frontoparietal control and salience ventral attention 39 
networks. In contrast, we showed an increase in the segregation of the limbic network over the 40 
same interval. More importantly, the rate of change in functional segregation of the 41 
frontoparietal control and the limbic network was asociated with the rate of change in 42 
processing speed. and verbal learning and memory, respectively. These findings support the 43 
hypothesis of functional dedifferentiation in healthy aging as well as its role in cognitive function 44 
in elderly.   45 
Keywords: resting state fMRI, brain networks, healthy aging, functional segregation, processing 46 














Cognitive performance declines in normal aging, andthis decline has been linked to a functional 59 
reorganization of the brain (Damoiseaux, 2017; Li et al., 2015). From the perspective of network 60 
neuroscience, the human brain can be regarded as a complex system driven by two main 61 
organizational properties: functional segregation and integration (Wig, 2017; Bullmore & 62 
Sporns, 2012). The first feature refers to highly clustered connectivity between regions forming 63 
subnetworks, most commonly identified in resting state fMRI studies as the default mode, 64 
executive control, attention, salience, sensorimotor, and visual networks (van den Heuvel & 65 
Hulshoff Pol, 2010; Smitha et al., 2017; Heine et al., 2012). On the other hand, functional 66 
integration entails connectivity between these subnetworks which enables global integration and 67 
distribution of neural information. Both characteristics are equally important, as shifting the 68 
balance between them can result either in fragmented i formation processing in isolated modules 69 
or in reduced functional specialization, and therefor  lower resilience and increased vulnerability 70 
to disease (Fornito et al., 2015; Stam, 2014).  71 
Current research suggests that older age is associated with the disruption and possibly the 72 
balance between these two properties (Damoiseaux, 2017; Chan et al., 2014; Betzel et al., 2014; 73 
Ferreira et al., 2016; Fjell et al., 2015; Geerligs et al., 2015). Most consistently, studies have 74 
shown a decrease in within-network connectivity and an increase in between-network 75 
connectivity – termed as functional dedifferentiation and implying more diffuse and less 76 
specialized patterns of functional connections (Damoiseaux, 2017; Antonenko & Flöel, 2013).  77 
Current cross-sectional studies most frequently show functional reorganization primarily 78 
reflected in an implied decrease in within-network connectivity of the default mode network 79 
(DMN), and other associative networks such as the frontoparietal executive control network 80 
(FPCN) and the attention networks (Chan et al., 2014; Damoiseaux, 2017; La Corte et al., 2016; 81 
Onoda et al., 2012; Grady et al., 2016; Geerligs et al., 2015; Iordan et al., 2018; Meier et al., 82 
2012). Simultaneously, these networks also show increased inter-network connectivity across 83 
age, simply summarized as higher functional connectivity strength usually between task-negative 84 
(i.e. DMN) and task-positive (i.e. FPCN, dorsal and ventral attention) networks (Ferreira et al., 85 
2016; Spreng et al., 2016; Grady et al., 2016; Müller et al., 2016). Longitudinal studies seem to 86 
confirm these findings, as recent studies showed a non-linear decrease in within-DMN 87 
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connectivity (Staffaroni et al., 2018), and an increase in functional integration between DMN and 88 
FPCN, which was also related to lower processing speed (Ng et al., 2016).  89 
The somatosensory networks (i.e. motor, visual, auditory) have been less sensitive to aging 90 
effects (Chan et al. 2014; Geerligs et al., 2015), although some cross-sectional studies do suggest 91 
higher within- and between-network connectivity of these systems in older compared to younger 92 
adults (Song et al., 2014.; Seidler et al., 2015; Meier et al., 2012). One study, specifically 93 
investigating the functional segregation, defined as the ratio of within- to between-network 94 
connectivity, showed that somatosensory networks do decrease in segregation, but that this 95 
change is more pronounced for the associative networks (Chan et al. 2014).  96 
Current evidence points to the beneficial effect of functional segregation during resting state, as 97 
it has been related to better cognitive performance (Chan, 2014; Grady et al., 2016, Iordan et al., 98 
2018, James et al., 2016), and greater cognitive improvement after training in older adults 99 
(Baniqued et al., 2018; Gallen et al., 2016). More sp cifically, lower segregation of associative 100 
networks has been related to worse episodic memory (Chan et al., 2014) and learning (Iordan et 101 
al., 2018), while lower integration between DMN and FPCN was associated to faster processing 102 
speed (Ng et al., 2016) and better cognitive performance during verbal learning (Geerligs et al., 103 
2015). Nevertheless, longitudinal studies are essential to confirm the “true” aging-related 104 
changes in functional segregation and its relation to cognition independently of cross-sectional 105 
age. In longitudinal studies emphasis is on intra-individual change (in addition to inter-individual 106 
differences) as opposed to cross-sectional comparison, n which we can only investigate inter-107 
individual differences, with a risk of confounding a ing effects with cohort effects – individuals 108 
born in different eras my age differently (Schaie & Hofer, 2001).  109 
Therefore, in this study we acquired four occasions f resting state fMRI and cognition 110 
measures. The main objective was to investigate the functional segregation of several well-111 
defined resting state networks encompassing the whole brain. We hypothesized a decrease in 112 
segregation over a 4-year time span primarily comprising associative opposed to somatosensory 113 
networks. Finally, we assumed that higher segregation would be related to better performance in 114 





Participants  118 
Longitudinal resting state fMRI (rs-fMRI) data were taken from the Longitudinal Healthy Aging 119 
Brain Database Project (LHAB; Switzerland) – an ongoi  project conducted at the University 120 
of Zürich (Zöllig et al., 2011). We used data from the first four measurement occasions (baseline, 121 
1-year follow-up, 2-year follow-up, 4-year follow-up). The baseline dataset included 232 122 
participants (age at baseline: M=70.8, range =64-87; females: 114). At each measurement 123 
occasion, participants completed an extensive battery of neuropsychological and psychometric 124 
cognitive tests and underwent brain imaging. The brain imaging data was usually acquired in the 125 
same week as the behavioral assessments. The brain im ging session was conducted in close 126 
temporal proximity to the behavioral assessments (difference between behavioral and MRI 127 
assessments in days (M±SD): baseline: 2.2±5.2, 1-y follow-up: 2.6±5.2, 2-y follow-up: 4.3±13.0, 128 
4-y follow-up: 4.6±9.3). 129 
Inclusion criteria for study participation at baselin  were age ≥ 64, right-handedness, fluent 130 
German language proficiency, a score of ≥ 26 on the Mini Mental State Examination (MMSE; 131 
Folstein et al., 1975), no self-reported neurological disease of the central nervous system and no 132 
contraindications to MRI. Participation was voluntary nd all participants gave written informed 133 
consent in accordance with the declaration of Helsinki. Self-reported physical and mental health 134 
of the sample at baseline, as measured by the SF-12 (Ware et al., 1996), were 50.9 ± 7.4 (M ± 135 
SD) and 54.8±6.3, respectively, which indicates above-average health compared to a norm 136 
normative population (Ware et al., 1998). As expected, sample means for these general health 137 
indicators slightly declined over time, but still indicated above-average health at 4y-follow-up 138 
(physical health score: 50.5±6.9, mental health score: 53.1±8.0, MMSE = 28.3±1.3).  139 
At 4-y follow-up, the dataset still comprised 74.57% of the baseline sample (n = 173), of which 140 
93% had complete data for rs-fMRI (see Table A.1). Participants remaining in the sample until 141 
the 4-year follow-up were compared to the full sample at baseline in order to estimate if there 142 
was selective attrition in the data (see Table A.2). The total selectivity was computed by 143 
standardizing the difference between the mean in the baseline sample and the 4-year follow up 144 
sample, on the standard deviation of the baseline sample in the variable of interest 145 
(Lindenberger, Singer, & Baltes, 2002). The size of the selectivity index was interpreted with 146 
reference to an effect size (Cohen, 1988). As can be seen in the Table A.2, total selectivity was 147 
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negligible for all measures (i.e., below the cut-off of 0.20 for a weak effect according to Cohen, 148 
1988), suggesting that the participants remaining in the study at the 4-year follow-up did not 149 
differ from the baseline sample in terms of age, education, physical and mental health. 150 
 151 
Cognitive measures 152 
Domain (average composite) scores were used to summarize neuropsychological performance 153 
across several paper and pencil tests. Cognitive score  on individual tests were standardized to T-154 
scores (M = 50, SD = 10) with respect to baseline. If a cognitive domain was defined using 155 
several cognitive tasks, T scores from separate tess were then averaged to calculate the domain-156 
specific average composite scores. For the calculation of cognitive scores, we excluded values 157 
that were more than three median absolute deviations (MADs) above the median of the sample 158 
distribution across measurement occasions (Leys, Ley, Klein, Bernard, & Licata, 2013). 159 
Cognitive scores were calculated for three cognitive domains: processing speed, verbal learning 160 
and verbal memory.  161 
Processing speed was assessed using four psychometric paper-pencil tests: (1) the number of 162 
correct responses across two test parts of the Identical Pictures Test (Kit of Factor-Referenced 163 
Cognitive Tests; Ekstrom, French, Harman, & Dermen, 1976); (2) the number of correct 164 
responses (within 2 minutes) on the Digit Symbol Test (Wechsler Intelligence Scale for Adults; 165 
Von Aster, Neubauer, & Horn, 2006); (3) time in seconds, including the time used when an error 166 
was made, needed to finish the Trail-Making-Test A (Reitan & Wolfson, 2004) (the scores were 167 
reversed so the that higher scores equaled better performance), and (4) number of correct 168 
responses (within 2 minutes) on the the LPS14, a subte t from the Leistungsprüfsystem 50+ 169 
(LPS), a German intelligence test developed to measur  Thurstone's (1938) primary mental 170 
abilities (Horn, 1983). 171 
  172 
Verbal learning and memory were assessed with the Verbal Learning and Memory Test 173 
(VLMT; Helmstaedter & Durwen, 1990), a test of serial l st-learning with subsequent distraction, 174 
recognition, immediate and delayed recall. The participants learned and recalled a list A 175 
consisting of 15 semantically independent words over 5 trials. Then, the distractor list B 176 
(consisting of 15 different words) was presented anrecalled once. Finally, list A had to be 177 
recalled without additional presentation of the words (immediate recall) and again after 20 – 30 178 
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minutes (delayed recall). The score from the delayed recall phase was used to define the verbal 179 
memory domain.  180 
Verbal learning was defined using the total number of correct respon es over 5 immediate free 181 
recall trials.  182 
 183 
MRI acquisition 184 
MRI scans were scanned on the Philips Ingenia 3T scanner equipped with a commercial 32-185 
channel head coil array. T1-weighted (T1w) structural images were acquired using 186 
magnetization-prepared rapid gradient echo sequence (160 slices; TR= 8.1 ms, TE = 3.7 ms, 187 
FOV= 240 x 240 x 160 mm, flip angle = 8°, isotropic voxel size = 1.0 × 1.0 × 1.0 mm3). Two 188 
hundred and twenty-five multislice T2*- weighted volumes were retrieved with a gradient echo-189 
planar sequence using transverse slice orientation (43 slices; voxel size: 3.5 x 3.5 x 3.5 mm3; TR 190 
= 2000 ms; TE = 21 ms; flip angle = 76°; FOV = 220 x 220 x 150 mm). 191 
 192 
MRI preprocessing 193 
Preprocessing was performed using the fmriprep BIDS app (v.1.05) (Esteban et al., 2019; 194 
Gorgolewski et al., 2017), a Nipype (Gorgolewski et al., 2011) based tool. Each T1w (T1-195 
weighted) volume was corrected for INU (intensity non-uniformity) using 196 
N4BiasFieldCorrection v2.1.0 (Tustison et al., 2010) and skull-stripped using ANTs v2.1.0 197 
(using the OASIS template). Spatial normalization t the ICBM 152 Nonlinear Asymmetrical 198 
template version 2009c (Fonov et al., 2009) was performed through nonlinear registration with 199 
the antsRegistration tool of ANTs v2.1.0 (Avants et al., 2008), using brain-extracted versions 200 
of both T1w volume and template. Brain tissue segmentation of cerebrospinal fluid (CSF), 201 
white-matter (WM) and gray matter (GM) was performed on the brain-extracted T1w using FAST 202 
(Zhang et al., 2001) (FSL v5.0.9). Functional data was slice time corrected using 3dTshift from 203 
AFNI v16.2.07 (Cox, 1996) and motion corrected using mcflirt (FSL v5.0.9; Jenkinson et al., 204 
2002). This was followed by co-registration to the corresponding T1w using boundary-based 205 
registration (Greve & Fischl, 2009) with 9 degrees of freedom, using flirt (FSL). Motion 206 
correcting transformations, BOLD-to-T1w transformation and T1w-to-template (MNI) warp 207 
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were concatenated and applied in a single step using antsApplyTransforms (ANTs v2.1.0) 208 
using Lanczos interpolation.  209 
We used the CONN toolbox (v. 17f; Whitfield-Gabrieli & Nieto-Castanon, 2012) to regress out 210 
the nuisance covariates defined according to the 36-parameter model (Ciric et al., 2017): 6 211 
motion parameters, signals estimated from cerebrospinal fluid and white matter, whole-brain 212 
global signal, their derivatives, quadratic terms, and squares of derivatives were regressed out 213 
from functional data separately for each run. Further, the rs-fMRI data was temporally bandpass 214 
filtered in the 0.01 – 0.1 Hz frequency range. We applied simultaneous filtering/nuisance 215 
regression, because it was shown to reduces correlation between time-series fluctuations and 216 
motion (Hallquist et al., 2013). In line with previous studies on healthy aging, global signal 217 
regression was performed, as this has been shown to be effective in minimizing the effects of 218 
physiological noise and head motion (Ng et al., 2016; Chan et al., 2014). 219 
 220 
Network definition 221 
The regions of interest were selected using a functio al atlas composed of 200 cortical regions 222 
originally classified into 17 resting state network overlapping with the Yeo-Krienen atlas 17-223 
network definition (Schaefer et al., 2018; Yeo et al., 2011). The choice of this atlas was made for 224 
consistency with past studies on functional connectivity changes with aging (Betzel et al., 2014; 225 
Ng et al., 2016). However, in order to increase the int rpretability of our results, we regrouped 226 
the regions into 7 networks: default mode (DMN), dorsal attention (DAN), salience ventral 227 
attention (SVAN), frontoparietal control (FPCN), limbic (LIMB), somatomotor (SM), visual 228 
(VIS) networks.  229 
Connectivity matrices for each of the participants and sessions were computed with pairwise 230 
correlation between average time series in selected regions of interest. These correlation 231 
coefficients were then transformed to z-values using the Fisher's r-to-z transformation. As it has 232 
been suggested that global signal regression can introduce “artefactual” anticorrelations (Murphy 233 
& Fox, 2017), negative z-values were excluded from the analysis, consistent with previous 234 
studies on healthy aging (Chan et al., 2014). Furthermore, the segregation index is more easily 235 
interpreted if calculated only with positive correlations, or separately for positive and negative 236 
correlations, as these two types of connections have different roles in between-network 237 
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connectivity. Therefore, this resulted in subject-specific 200x200 correlation matrices with 238 
diagonal and negative values set to zero.  239 
 240 
The functional segregation index 241 
The segregation of each of the resting state networks was quantified using a measure that 242 
summarizes values of within-network correlations in relation to between-network correlations 243 
(Chan et al., 2014). This metric is calculated according to the following formula: (Zw-Zb)/Zw, 244 
where Zw is the mean Fisher z-transformed r between regions within the same network and Zb is 245 
the mean Fisher z-transformed r between regions of one network (e.g. nodes in the DMN) to all 246 
regions in other networks (e.g. nodes in the remaining etworks: FPCN, DAN, SVAN, LIMB, 247 
VIS, SM). 248 
Higher values of the segregation index reflect greater within- than between-network 249 
connectivity, and thus greater network segregation, while lower values represent a lower 250 
difference in within- to between-network connectivity and thus lower functional segregation. 251 
 252 
Statistical analysis 253 
Linear mixed effects analysis (lme4 package (v. 1.1-18-1) in R (v. 3.5.2); Bates, Maechl r & 254 
Bolker, 2012) was performed to assess the longitudinal change in the functional segregation of 255 
multiple resting state networks (i.e. DMN, DAN, SVAN, FPCN, LIMB, SM, VIS). As fixed 256 
effects, we entered time, age at baseline (grand-mean-c ntered variable), and their interaction 257 
term into the model. As random effects, we had intercepts for subjects, as well as by-subject 258 
random slopes for the effect of time. Gender (femal = 1, male = 0) and education (on a scale 259 
from 1 to 3; 1 = high school with or without vocational education, 2 = higher education entrance 260 
qualification, business school or university of applied sciences, or 3 = university degree) were 261 
entered as nuisance covariates into the model, as current research suggest that these variables 262 
significantly relate to the topological organization f the human brain (Chan et al., 2018). 263 
In the main models, we did not control for motion, as recent work suggests that this could 264 
remove true age-related connectivity effects (Geerligs et al., 2017, Staffaroni et al., 2018). 265 
However, supplementary models were estimated by including motion as an additional nuisance 266 
covariate, defined as the average framewise displacement (FD) in a given measurement occasion. 267 
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Several other validation analyses, including additional covariates (e.g. mean functional 268 
connectivity strength, gray matter volume cortical thickness) have also been performed and are 269 
described in the Results section.  270 
The same linear mixed effects models were performed to investigate longitudinal change in 271 
within network and pairwise between-network connectivity, and cognitive performance.  272 
In addition, as it is very likely that the change in cognitive performance between the baseline and 273 
the 1-year follow-up assessment is influenced by the increased familiarity with the testing 274 
situation, reduction of anxiety, or general practice of relevant skills, we added a “retest effect” 275 
(baseline=0, 1-year follow-up=1, 2-year follow-up=1, 4-year follow-up=1) as a covariate in the 276 
linear mixed effects (LME) models for cognitive measures (Hoffman, Hofer, & Sliwinski, 2011; 277 
Oschwald et al., 2019).   278 
Linear mixed models were fit by maximum likelihood and the p-values were obtained from the t-279 
statistic using Satterthwaites's approximation to the denominator degrees of freedom (l erTest 280 
package (v.3.0-1) in R (v.3.5.2); Kuznetsova et al., 2017). 281 
The mixed models were fitted separately for each cognitive domain and resting state network. 282 
The results were adjusted for multiple comparisons using the Bonferroni correction. 283 
Pearson’s correlation analysis was performed to measur  the strength of a linear association 284 
between the individual rate of change in cognition and the rate of change in the segregation of 285 
resting state networks. The correlation coefficients were calculated only for the cognitive 286 
domains and networks that showed significant longitudinal change according to the LME 287 
analysis.   288 
The individual rate of change, defined as the subject-specific slope of the regression line between 289 
time and the cognitive scores/network segregation, was derived from the corresponding LME 290 
models described in this section (Ng et al., 2016, 2018). Therefore, the subject-specific 291 
trajectories of change in cognition and functional segregation of networks reflected the 292 
combination of fixed and random effects of time as defined in our models. 293 
The significance of obtained correlation coefficients was corrected for multiple comparisons 294 
using the Bonferroni correction. The correlation analysis was performed using the R-based 295 
package psycho (v. 0.4.0.).  296 





Change in the resting state network segregation  300 
There was a significant decline in the segregation of associative networks such as the DMN 301 
(p=0.001), FPCN (p<0.001) and the SVAN (p=0.029) networks over the 4-y interval (Table 1). 302 
In contrast, there was a significant increase in the segregation of the LIMB network (p=0.005). 303 
The significant main effect of age at baseline indicated that older elderly have lower segregation 304 
of the DMN (p=0.001) and SVAN (p<0.001). For the latter we additionally found a significant 305 
interaction between time and age at baseline, reflecting a U-shaped association with respect to 306 
age and a turning point at around 75 years of age (Figure 1). This implies that after an initial 307 
decrease with age, from age 75 an upwards the segregation of this network increased.   308 
Longitudinal aging effects in the segregation of the remaining three networks, the DAN (b < -309 
0.0001, SE= 0.0016, 95% CI: -0.0031 – 0.0030; p= 0.976), VIS (b = 0.0005, SE= 0.0018, 95% 310 
CI: -0.0030 – 0.0041; p=0.768), and SM (b = 0.0003, SE= 0.0017, 95% CI: -0.0031 – 0.0037; 311 
p=0.878) networks, were not statistically significant (Table A.3.). 312 
All statistically significant longitudinal aging eff cts survived multiple comparison corrections 313 
(corrected for 7 resting state networks, alpha=.05/7) except the main effect of time on the 314 
segregation of the SVAN.  315 
Further, several validation analyses were done to test the robustness of presented results, as 316 
detailed below. More specifically, we investigated the effects of: 1) motion, 2) gray matter 317 
volume cortical thickness (CT), 3) mean functional connectivity, 4) global signal regression, 5) 318 
high-pass filtering, and 6) the choice of parcellation scheme (i.e. network definition), on the 319 
current analyses.  320 
First, we included mean (within-session) framewise displacement (mean FD) as a covariate in 321 
the LME models. Although head motion was negatively r ated to segregation in the DMN and 322 
FPCN, and positively related to segregation in LIMB, the inclusion of motion parameters into the 323 
models did not qualitatively alter the results (Table A.4). Next, we conducted a supplementary 324 
analysis in which we excluded participants that hadmean FD values that were more than three 325 
median absolute deviations (MADs) above the median of the sample distribution across 326 
measurement occasions. This did not qualitatively alter the results presented in the main 327 
manuscript (Table A.5). 328 
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Next, the inclusion of network-specific cortical volume thickness (calculated using FreeSurfer v. 329 
6.0.0; (http://surfer.nmr.mgh.harvard.edu); Fischl, 2012), as an additional covariate in the LME 330 
models, did not significantly affect the main result  (Table A.6), with the only exception being 331 
the time effect on the segregation of the SVAN, which was no longer significant after including 332 
cortical thickness (time*age effect was still significant). Hence, based on these additional 333 
analyses we are confident to conclude that changes in network functional segregation are not 334 
merely an effect of brain atrophy.  335 
However, we did show an additional negative effect of age at baseline (does not survive multiple 336 
comparisons correction) on the segregation of the FPCN and DAN networks, suggesting that 337 
older participants have lower segregation in these networks when controlling for the network-338 
specific GMV.  339 
Further, the main findings remained largely consistent after controlling for mean functional 340 
connectivity, calculated as the mean connectivity strength across all connections in the 341 
unthresholded connectivity matrix (including absolute values of positive and negative correlation 342 
coefficients) (Table A.7). There was a significant negative effect of the mean FC on the 343 
segregation of the FPCN and LIMB networks, implying that participants with stronger global 344 
mean FC have lower segregation of these networks. However, the results remained comparable 345 
with the main findings, as there was a significant decline in the functional segregation of the 346 
DMN, FPCN and SVAN networks, and an increase in the segregation of the LIMB network, 347 
when controlling for mean FC. 348 
Furthermore, similar findings were obtained after using different methodological approaches, 349 
such as repeating the analysis without global signal regression (Table A.8), and using a high-pass 350 
filter (0.008 Hz – Inf) instead of band-pass filtering as in main analyses (Table A.9).  351 
However, in the analysis with high-pass filtered data, we did not find a significant time*age 352 
effect on the segregation of the SVAN, and there was a significant but weak age effect (i.e. does 353 
not survive multiple comparisons correction) on the segregation of the FPCN network. 354 
Finally, to test if our results are contingent on the network definition found in the Schaefer et al. 355 
atlas, we reanalyzed our data using two other parcell tion schemes available in the Power et al. 356 
(2011) and the Shirer et al. (2012; expanded version (Altmann et al., 2015)) functional atlases. 357 
Nonetheless, it should be noted that these parcellations have similar, but not overlapping, resting-358 
state network assignments, as the two additional atl ses include subcortical regions and do not 359 
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have a specific definition of the limbic network (please see the Appendix for more detailed 360 
explanation). Therefore, the validation analyses did not include the limbic network, as other 361 
atlases did not have a comparable definition of this resting-state network. 362 
A significant decline in the functional segregation was once again shown in the default mode and 363 
salience networks (Table A.10-11). However, this decrease was not reproduced for the FPCN, 364 
indicating that the decline in functional segregation of this network is specific to the network 365 
definition found in the Schaefer et al. atlas. 366 
 367 
Table 1. Longitudinal and cross-sectional aging effects in linear mixed effects models of the 368 
functional network segregation.  369 
Network SI Predictors Estimates SE CI p 
 Gender 0.0423 0.0072 0.0282 – 0.0564 <0.001 
 Education -0.0006 0.0042 -0.0089 – 0.0076 0.885 
DMN  Time -0.0048 0.0014 -0.0076 – -0.0021 0.001 
 Age -0.0028 0.0008 -0.0045 – -0.0012 0.001 
 Time * Age 0.0002 0.0003 -0.0004 – 0.0009 0.433 
 Gender 0.0003 0.0066 -0.0126 – 0.0133 0.960 
 Education 0.0019 0.0039 -0.0057 – 0.0095 0.629 
FPCN Time -0.0053 0.0015 -0.0082 – -0.0025 <0.001 
 Age -0.0011 0.0008 -0.0027 – 0.0004 0.149 
 Time * Age -0.0001 0.0003 -0.0007 – 0.0005 0.746 
 Gender 0.0204 0.0073 0.0061 – 0.0347 0.006 
 Education -0.0003 0.0043 -0.0087 – 0.0080 0.936 
SVAN Time -0.0037 0.0017 -0.0070 – -0.0004 0.029a 
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 Age -0.0041 0.0009 -0.0058 – -0.0024 <0.001 
 Time * Age 0.0010 0.0004 0.0003 – 0.0017 0.008 
 Gender -0.0131 0.0095 -0.0317 – 0.0054 0.167 
 Education -0.0059 0.0055 -0.0167 – 0.0050 0.290 
LIMB Time 0.0057 0.0020 0.0017 – 0.0096 0.005 
 Age 0.0011 0.0011 -0.0010 – 0.0033 0.303 
 Time * Age -0.0006 0.0004 -0.0015 – 0.0002 0.151 
Note. Only the significant models are shown. Statistically significant effects (p< 0.05) appear in bold. a - 370 
does not survive multiple comparison corrections (alph =.05/7). Abbreviations: SI = segregation index, 371 
DMN= default mode network, FPCN = frontoparietal contr l network, SVAN = salience ventral attention 372 





Figure 1. Spaghetti plots of model-fitted subject-specific trajectories of functional segregation values.  376 
There was a significant decline in the segregation of DMN (A) and FPCN (B). Changes in the segregation 377 
of SVAN seem to be U-shaped in regard to baseline age (C). There was an increase in the limbic network 378 
segregation across time (D).  379 
 380 
Change in within- and between- network connectivity 381 
To gain a better insight into what is driving the observed changes in functional segregation of 382 
various networks, we separately calculated the within- and between-network connectivity 383 
strength of all resting state networks.  384 
The full presentation of the results outlined below can be found in tables A.12-14. 385 
 386 
Within-network connectivity 387 
We found a significant decrease in the functional connectivity strength of FPCN (b = -0.0022, 388 
SE = 0.0008, 95% CI: -0.0038 – -0.0006; p= 0.006). Also, there was an increase in the functional 389 
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connectivity strength of LIMB (b = 0.0061, SE = 0.0017, 95% CI: 0.0028 – 0.0094; p=<0.001) 390 
and SM (b = 0.0043, SE = 0.0017, 95% CI: 0.0009 – 0.0077; p=0.013).  391 
Finally, we found a significant effect of age at baseline on intra-network connectivity, with older 392 
participants having lower connectivity strength within DMN (b = -0.0012, SE=0.0005, 95% CI: -393 
0.0022 – -0.0002; p=0.014) and SVAN (b = -0.0018, SE = 0.0006; 95% CI: -0.0029 – -0.0006; 394 
p=0.003).  395 
Of all the reported results, the time effect on thewithin-network connectivity strength of the 396 
FPCN and LIMB, and the effect of age at baseline on the connectivity strength of SVAN, 397 
survived the Bonferroni correction (alpha =.05/7) (see table A.12). 398 
 399 
Between-network connectivity 400 
Inter-network connectivity was increased between DMN and SVAN (b = 0.0019, SE = 0.0006, 401 
95% CI: 0.0007 – 0.0031; p=0.002), and LIMB and SVAN (b = 0.0018, SE = 0.0007; 95% CI: 402 
0.0004 – 0.0031; p=0.010). 403 
Further, all of the networks that showed significant change in functional segregation also had an 404 
increase in connectivity strength with the SM network (see table A.14). More specifically, FPCN 405 
(b = 0.0020, SE= 0.0006, 95% CI: 0.0008 – 0.0032; p=0.001), DMN (b = 0.0026, SE = 0.0006, 406 
95% CI: 0.0014 – 0.0038; p=<0.001), SVAN (b = 0.0025, SE = 0.0009, 95% CI: 0.0008 –407 
 0.0042; p=0.004), and LIMB (b = 0.0022, SE = 0.0008, 95% CI: 0.0006 – 0.0038; p=0.007), all 408 
had increased connectivity strength with SM over th 4-year interval.  409 
In addition, DAN (b = 0.0029, SE = 0.0012, 95% CI: 0.0006 – 0.0053; p= 0.013), also showed 410 
an increase in between-network connectivity with SM.  411 
Finally, the VIS network had an increase in functional connectivity strength only with the LIMB 412 
network (b = 0.0020, SE= 0.0010, 95% CI: 0.0001 – 0.0039; p=0.036). 413 
Additionally, older participants had higher DMN-DAN (b = 0.0006, SE=0.0003, 95% CI: 414 
0.0001 – 0.0011; p=0.015), LIMB-SVAN (b = 0.0010, SE = 0.0003, 95% CI: 0.0004 – 0.0016; 415 
p=0.001), and FPCN-SM between-network connectivity (b = 0.0009, SE = 0.0003, 95% CI: 416 
0.0003 – 0.0014; p=0.003).  417 
Of all the reported results, the time effect on the connectivity strength between DMN-SVAN, 418 
FPCN-SM, DMN-SM, and the effect of age at baseline o  the connectivity strengths between 419 
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LIMB-SVAN, survived the Bonferroni correction (alpha =.05/21) (see table A.13 and table 420 
A.14). 421 
 422 
Change-change association between brain and cognition measures 423 
We found a statistically significant decline in performance in the three cognitive domains: 424 
processing speed (p<0.001), verbal learning (p<0.001) and verbal memory (p<0.001) (Figure 425 
A.2). There was a significant retest effect for processing speed (p<0.001) (Table 2). All 426 
statistically significant aging effects survived multiple comparison corrections (corrected for 427 
three cognitive domains, alpha=.05/3). 428 
 429 
Table 2. Longitudinal and cross-sectional aging effects in the linear mixed effects models of 430 
cognitive performance.  431 
Cognitive domain Predictors Estimates SE CI p 
 Retest 1.4413 0.3441 0.7669 – 2.1157 <0.001 
 Gender -0.5143 0.9628 -2.4013 – 1.3727 0.594 
Processing speed Education 1.2733 0.5617 0.1724 – 2.3741 0.024a 
 Time -0.4530 0.1180 -0.6842 – -0.2217 <0.001 
 Age -0.6676 0.0971 -0.8579 – -0.4773 <0.001 
 Time * Age -0.0485 0.0194 -0.0864 – -0.0105 0.013 
 Retest 0.9806 0.6453 -0.2842 – 2.2454 0.129 
 Gender 5.4023 1.1550 3.1386 – 7.6661 <0.001 
Verbal learning Education 1.4298 0.6741 0.1085 – 2.7511 0.035a 
 Time -1.0142 0.2090 -1.4239 – -0.6045 <0.001 
 Age -0.6085 0.1149 -0.8338 – -0.3832 <0.001 
 Time * Age -0.0966 0.0334 -0.1621 – -0.0311 0.004 
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 Retest -0.6566 0.6864 -2.0019 – 0.6886 0.339 
 Gender 3.9128 1.2060 1.5490 – 6.2766 0.001 
Verbal memory Education 1.7456 0.7024 0.3690 – 3.1222 0.014 
 Time -0.8192 0.2242 -1.2585 – -0.3798 <0.001 
 Age -0.4516 0.1224 -0.6916 – -0.2117 <0.001 
 Time * Age -0.1178 0.0358 -0.1880 – -0.0477 0.001 
Note. Statistically significant effects (p< 0.05) appear in bold. a - does not survive multiple comparison 432 
corrections (alpha=.05/3). 433 
 434 
Based on the longitudinal change results, twelve Pearson’s correlation analyses were performed, 435 
assessing the change-change relationship between th processing speed, verbal learning, verbal 436 
memory and the functional segregation of the DMN, FPCN, SVAN, and LIMB networks.  437 
There was a positive correlation between the rate of change in the segregation of the 438 
frontoparietal network and processing speed (r (226) = 0.15, 95% CI [0.021, 0.27], p = 0.023), 439 
indicating more significant decline in processing speed at higher rates of decline in the 440 
segregation of the FPCN network (Figure 2.). In addition, we performed a regression analysis in 441 
which we included age as a covariate, to test if the association between the rate of change in 442 
cognition and brain was influenced by age at baseline. The effect of change in the segregation of 443 
the FPCN on the rate of change in processing speed remained significant (β = 0.15, 95% CI 444 
[0.02 – 0.28], p = 0.024), while the effect of age was not significant (β = 0.00, 95% CI [-0.01 – 445 
0.01], p = 0.94). These effects remained across all processing pipelines, except in the one which 446 
involved high-pass instead of band-pass filtered data (figure A.4.A). The reported association did 447 
not survive multiple comparison correction (corrected for 12 models, alpha = .05/12). 448 
Further, we found a significant positive association between the rate of change in the segregation 449 
of the limbic network and verbal learning (r (226.00) = 0.18, 95% CI [0.05, 0.30], p = 0.008), 450 
and verbal memory (r (225) = 0.23, 95% CI [0.098, 0.35], p = 0.001), indicating lower rates of 451 
decline in verbal learning and memory at higher rates of increase in the segregation of this 452 
network. However, these results were inconsistent across different preprocessing pipelines, with 453 
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either null associations or even negative effects of egregation of the limbic network on verbal 454 
learning and memory (figure A.4.B and A.4.C). Given that the initial positive association 455 
between the limbic network and cognitive performance was not replicated across the control 456 
analyses, we interpreted it as unstable and removed it from the final discussion. For further 457 
details on these findings please see the Supplementary i formation. The rate of change in other 458 
networks was not significantly associated to the rate of change in cognitive performance 459 
(Appendix – Brain-cognition change-change association).  460 
The association between the rate of change in processing speed and the rate of change in the 461 
segregation of DMN (r (226) = 0.080, 95% CI [-0.051, 0.21], p > .1), SVAN (r(226) = -0.080, 462 
95% CI [-0.21, 0.050], p > .1), and LIMB (r(226) = 0.0084, 95% CI [-0.12, 0.14], p > .1) 463 
networks, was not statistically significant. The rate of change in verbal learning was not 464 
significantly related to the rate of change in the segregation of FPCN (r(226) = -0.10, 95% CI [-465 
0.22, 0.03], p > .1), DMN (r(226) = -0.05, 95% CI [-0.18, 0.08], p > .1), or SVAN (r(226) = -466 
0.02, 95% CI [-0.15, 0.11], p > .1) networks. Finally, the rate of change in verbal memory was 467 
not significantly related to the rate of change in the segregation of FPCN (r(225) = -0.042, 95% 468 
CI [-0.17, 0.089], p > .1), DMN (r(225) = -0.059, 95% CI [-0.19, 0.072], p > .1), or SVAN 469 
(r(225) = -0.034, 95% CI [-0.16, 0.097], p > .1) networks.  470 
 471 
 472 
Figure 2. Change-change association between the segregation of the FPCN and cognitive 473 
performance. Decline in in the segregation of the frontoparietal control network was associated to 474 





In the present study we quantified the functional segregation of seven resting state networks 478 
using a metric defined as the ratio of within- to between-network connectivity. As hypothesized, 479 
our findings showed a disruption in the segregation of associative resting state functional 480 
networks across a time span of 4 years. This was reflect d as a decrease in the segregation of the 481 
default mode, frontoparietal control and salience ventral attention networks (i.e. with a U-shaped 482 
cross-sectional trajectory), and an increase in the segregation of the limbic network. Further 483 
analysis, in which we looked at pairwise inter-network interactions, indicated a complex pattern 484 
of decrease and increase in within- and between-network connectivity. Finally, decline in the 485 
segregation of the frontoparietal control network was related to decline in processing speed, 486 
while increase in limbic network segregation was related to less decline in verbal memory over 487 
the 4-year interval.  488 
Our results are in line with previous cross-sectional studies implying a decline across age in the 489 
segregation of associative, and to lesser degree somatomotor and visual networks, which, here, 490 
did not show a significant decline in the overall functional segregation (Chan et al., 2014; Grady 491 
et al., 2016). Furthermore, our findings are compatible with a recently published longitudinal 492 
study, with comparable age range, showing a specific decline in the segregation of higher-order 493 
networks, namely the default mode, salience/ventral attention, and control networks (Chong et 494 
al., 2019).  495 
The segregation index has been shown to be more sensitiv  than other graph theoretical metrics 496 
in relation to age-related changes in functional organization (Chan et al., 2014). Moreover, this 497 
measure is not limited to pairwise analysis of between-network connectivity, but it can detect 498 
global modifications in functional connectivity patterns and thus provide us with a summary 499 
measure per desired network.  500 
In the present study, we see that the observed pattern is not specific to individual networks, but is 501 
rather generalizable across associative networks, pointing to a dichotomy between two large 502 
systems – associative and somatosensory, suggesting that the former is more vulnerable to aging 503 
effects (Chan et al., 2014; Geerligs et al., 2015).  504 
Further examination of within- and between-network connectivity revealed associative networks 505 
(i.e. DMN, FPCN, DAN, SVAN and LIMB were not significant after multiple comparisons 506 
correction) had increased connectivity with the somato otor network over the 4-year interval. 507 
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Interestingly, the somatomotor network had sustained functional segregation across this period, 508 
which is probably due to the preserved connectivity strength within this network, maintaining the 509 
balance to its between-network connections. Further, this increase in between-network 510 
integration is consistent with earlier research indicating a diffuse increase in positive correlations 511 
in older compared to young adults, especially betwen somatosensory and other networks, such 512 
as the DMN, executive control and attention networks (Ferreira et al., 2016; Geerligs et al., 2015; 513 
Song et al., 2014; Iordan et al., 2018; Betzel et al., 2014; Meier et al., 2012). Similar findings, 514 
that is the increase in somatomotor between-network c nnectedness, were shown in the cross-515 
sectional study of Song and colleagues (2014), interpreted as the reorganization of hub nodes 516 
(i.e. highly connected brain regions), as hubs in the DMN became non-hubs in older participants, 517 
and hubs in the somatosensory gained hubness and greater role in inter-network connectivity. 518 
Overall, a greater interdependence of these two types of systems is consistent with the hypothesis 519 
that the associative networks compensate for the decline in sensorimotor function that occurs in 520 
older age (Li and Lindenberger, 2002; Seidler et al., 2010, 2015). 521 
Further, we showed significant change in the segregation of three higher-order networks, DMN, 522 
SVAN and the FPCN, in line with studies showing functional reorganization primarily in these 523 
networks in older adults compared to young (Damoiseaux, 2017; Grady et al., 2016; Chan et al., 524 
2014; Meier et al., 2012, Betzel et al., 2014). More specifically, DMN and SVAN tended to have 525 
an increase in connectivity with other networks, while FPCN showed mainly a decrease in 526 
within-network connectivity strength.  527 
Contrary to a recently published longitudinal study with comparable age range (Ng et al., 2016), 528 
we did not show an increase in the DMN-FPCN connectivity. These authors showed a U-shaped 529 
trajectory in the functional integration between these networks, with a turning point around 65-530 
70 years. However, they performed their calculations  data with global signal regression, 531 
including both positive and negative connections, contrary to us including only positive 532 
connections, which could have resulted in the present differences.  533 
Nonetheless, we did show an increase in DMN-SVAN betwe n-network connectivity strength. 534 
This decrease in the segregation between the default mode and the attention networks is in line 535 
with previously reported results in cross-sectional studies (Ferreira et al., 2016; Spreng et al., 536 
2016).  537 
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The DMN is associated with internally directed cognitio  (i.e. mind-wandering, self-referential 538 
processing, episodic memory; Buckner, 2008, 2013), as opposed to FPCN/DAN and SVAN 539 
networks, which are involved in top-down goal directed and stimulus-driven bottom-up control 540 
of attention, respectively (Uddin, 2015; Menon & Uddin, 2010). Studies with healthy subjects 541 
suggest that these networks contain hub nodes which are crucial for the whole brain network 542 
connectivity and are important for optimal cognitive functioning (van den Heuvel et al., 2013). 543 
In particular, brain regions from the salience network have been hypothesized to have a crucial 544 
role in switching and coordinating between the DMN and FPCN across tasks and stimulus 545 
modalities, to facilitate the allocation of attentional and working memory resources when salient 546 
stimuli is detected (Uddin, 2015; Menon & Uddin, 2010).  547 
In fact, the connectivity profile of the salience network, including the between-network 548 
connectivity with the DMN, has been labeled as the hallmark of aging in several studies (La 549 
Corte et al., 2016, Onoda et al., 2012; He et al., 2014).  550 
Here, the salience ventral attention network showed a cross-sectional U-shaped trajectory, as 551 
younger elderly showed a 4-year decrease in the functional segregation, and older elderly (75 552 
years and upwards) an increase over the same interval. Although speculative, this change could 553 
be interpreted as a possible compensatory mechanism i  older participants as a response to this 554 
initial decrease seen in younger participants.  555 
In contrast, the dorsal attention network did not exhibit statistically significant decline in 556 
segregation, and some research suggests that this network is less vulnerable to aging effects as 557 
opposed to other associative networks (Grady et al., 2016; Chan et al., 2014). However, our 558 
results did imply that older participants have higher DMN-DAN functional connectivity (not 559 
significant after multiple comparison correction), which does corroborate earlier findings of 560 
decreased segregation between the DMN and attention etworks. Therefore, it is possible that 561 
changes in functional segregation of DAN happen much slower and cannot be detected over a 4-562 
year time span.  563 
Contrary to most previous cross-sectional studies (Damoiseaux, 2017; Ferreira et al., 2016), we 564 
did not find a decrease in the within-network connectivity strength in the default mode network. 565 
Moreover, most models did not show a cross-sectional effect of age nor a significant interaction 566 
between age at baseline and time, only two (i.e. DMN and SVAN) models showed cross-567 
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sectional effects of age and one model found support for an interaction between age & time (i.e. 568 
SVAN), pointing to a more homogenous trajectory between participants of different ages in our 569 
sample (e.g. 65-year-old versus 80-year-old subjects). At first glance this might seem 570 
contradictory to the existing literature, however, this may be due to a narrower age range of 571 
subjects in our sample (i.e. 64-87 years), as opposed to previous studies which have assessed 572 
functional organization patterns across a wider age r nge incorporating both young and older 573 
participants. Also, our sample has more participants in he lower age range (i.e. 65-75 years old), 574 
which could have introduced bias into the statistical analysis.   575 
When comparing our findings with the ones from past longitudinal studies, the decline in the 576 
segregation of the associative networks matches previous results (Chong et al., 2019). 577 
However, specific within- and between-network connectivity patterns seem to be more 578 
heterogeneous across longitudinal research (Ng et al., 2016; Staffaroni et al., 2018; Salami et al., 579 
2016, Persson et al., 2014). Specifically, some longitudinal studies on the functional connectivity 580 
of DMN suggest a decrease (Ng et al., 2016), while oth rs show nonlinear change (Staffaroni et 581 
al., 2018) or point to an absence of connectivity change (Persson et al., 2014) across time.  582 
Nonetheless, the advantage of longitudinal over cross-sectional studies is that they are able to 583 
model intra-individual change as opposed to cross-sectional comparison, in which we can only 584 
investigate inter-individual differences, with a risk of confounding aging effects with cohort 585 
effects (Schaie & Hofer, 2001). This is especially important in the context of functional 586 
segregation, as past research has shown that functional brain organization is influenced by non-587 
neural factors such as the socio-economic status (Chan et al., 2018). 588 
Accordingly, Chong et al., 2019 conducted both longitudinal (i.e. within-subject change) and 589 
cross-sectional analysis (group comparison between you ger and older participants) and found 590 
different results between these two approaches. The longitudinal analysis showed more focal 591 
network changes in comparison to cross-sectional anyses which showed a nonspecific age-592 
related decrease in segregation across all modules.  593 
In contrary to a decline in segregative properties of other networks, and opposed to recent results 594 
of Chong et al., 2019, our findings showed an increase in functional segregation of the limbic 595 
network over the 4-year interval, which encompassed both an increase in within- and between- 596 
24 
 
network connectivity. In line with these results, some cross-sectional research demonstrated an 597 
absence of age-related decline in emotion/limbic networks (i.e. orbitofrontal cortex, temporal 598 
pole) in contrast to cognitive networks which are more vulnerable to aging effects (Nashiro et al., 599 
2017). This has been related to preserved emotional function and an increase in emotional 600 
regulation in older age (Nashiro, Sakaki & Mather, 2012; Scheibe & Carstensen, 2010).  601 
Finally, we wanted to test the significance of change in resting state functional segregation for 602 
offline (out-of-scanner) cognitive performance. 603 
Reduced functional network segregation at rest has been associated with lower socio-economic 604 
status (Chan et al., 2018), poorer cognitive performance across age (Chan, 2014; Grady et al., 605 
2016, Iordan, 2018), while higher segregation has been related to greater cognitive improvement 606 
after training (Baniqued et al., 2018; Gallen et al., 2016).  607 
In the present study, a decline in the segregation of the frontoparietal control network was 608 
associated with a decline in processing speed. Althoug  this result did not survive the multiple 609 
comparisons correction and should be interpreted with caution, it is in line with previous studies 610 
suggesting a beneficial role of the functional specialization of brain networks.  611 
The FPCN is thought to be involved in working memory, decision making, and top-down 612 
allocation of attentional resources in the context of goal directed-behavior (Marek & Dosenbach, 613 
2018; Cole et al., 2014a). This network has also been suggested to serve as a flexible hub which 614 
alters its functional connectivity with other networks based on the specific task (similar to the 615 
salience network), which allows it to coordinate between different networks during task 616 
performance (Cole et al., 2014a).  617 
Previous research suggests high correspondence between task and rest-based functional 618 
connectivity in healthy subjects (Cole et al., 2014b), and implies that the aging-related 619 
dedifferentiation is indeed related to lower activation selectivity across corresponding network 620 
nodes during task conditions (Chan et al., 2017). Thus, we assume that reduced segregation at 621 
rest reflects the age-related changes in task activation and cognitive function, perhaps related to 622 
difficulties of the “dedifferentiated” FPCN to initiate and switch activity in relevant functional 623 
systems leading to lower ability to engage in goal-directed behavior and a decline in processing 624 
speed.  625 
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Further, we showed a potential benefitial impact of higher functional segregation of the limbic 626 
network, as there was less decline in verbal learning and memory at higher rates of increase in 627 
the segregation of this network. Although speculative, it is possible that the enhanced 628 
segregation of limbic network is related to a compensatory mechanism (Fjell et al., 2015) or an 629 
increase in emotional regulation and that this perserved emotional function is able to facilitate 630 
older participant’s memory (Nashiro and Mather, 2011). Moreover, these findings are compatible 631 
with previous research showing higher cortical thickness in the coresponding limbic regions, 632 
such as the temporal pole and orbitofrontal cortex, in participants with better verbal learning and 633 
memory performance (Engvig et al., 2010; Wolk and Dickerson, 2011).  634 
Finally, despite using a similar definition of cognitive domains as in the present study, a recent 635 
longitudinal study (Chong et al., 2019) did not show a significant change-change association 636 
between processing speed verbal memory and changes i  functional segregation. Thus, future 637 
longitudinal studies are needed to further elucidate the brain-cognition relationship in the context 638 
of healthy aging.  639 
 640 
 641 
Methodological considerations and limitations 642 
It is worth noting that the results remained largely consistent after several validation analyses 643 
controlling for other covariates (i.e. motion, mean connectivity, gray matter volume cortical 644 
thickness) or differences in methodological choices (i.e. global signal regression, data filtering, 645 
parcellation scheme).  646 
However, there are still some considerations that sould be taken into account.  647 
In our main analysis, we defined our networks according to a parcellation (Schaefer et al., 2018;) 648 
that has a network assignment (Yeo et al., 2011) comm nly used in studies on healthy aging (Ng 649 
et al., 2016; Betzel et al., 2014). We then repeated our analysis using two other functional atlases 650 
that had similar, but not overlapping, resting-state network assignments. In these validation 651 
analyses, there was a significant decline in the functional segregation of the DMN, independently 652 
of network definition, while the SVAN (reproduced in one atlas) and FPCN were more 653 
contingent on the choice of the parcellation scheme. To better understand this discrepancy 654 
between the findings across parcellations, one would need to conduct analyses on a regional 655 
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level, which is out of the scope of this study. However, future studies are encouraged to 656 
investigate this in more detail.  657 
 658 
Next, the application of global signal regression (GSR) has remained somewhat controversial as 659 
the primary concern regarding this approach is that it could possibly: a) remove neural 660 
information that might be present in the global signal; and (due to its mathematical 661 
characteristics) that it b) shifts the distribution of functional connectivity strength from 662 
predominantly positive to both positive and negative connectivity (Murphy & Fox, 2017). 663 
Regarding the first issue, it has been pointed out tha the global signal consists primarily of 664 
signal of nonneural origin related to movement- and physiology-induced noise (Power et al., 665 
2017). In fact, a potential confound in aging studies s motion, as older adults show greater 666 
amounts of head movement (Mowinckel et al., 2012) which has also been related to artefactually 667 
altered connectivity patterns (Power et al., 2012; Satterthwaite et al., 2013). In accordance, it has 668 
been shown that GSR, and more specifically the 36-parameter regression model that we have 669 
applied here (Ciric et al., 2017), is an efficient denoising strategy, especially in reducing the 670 
influence of movement (Satterthwaite et al., 2019). Nonetheless, due to ambiguity in the 671 
qualitative interpretation of negative correlations i  the presence of global signal regression 672 
(Power et al. 2017; Fox and Murphy, 2016), and in accord with previous studies that used the 673 
segregation measure with GSR (Chan et al. 2014, 2017; Han et al., 2018; Chong et al., 2019), we 674 
decided to exclude these connections. Nonetheless, validation analyses with data without global 675 
signal regression, indeed revealed similar results to the main findings, further supporting the 676 
choice of GSR in the preprocessing of rs-fMRI.  677 
A further issue relates to the observation that regions in the limbic network (i.e. OFC and 678 
temporal pole) tend to have lower BOLD signal-to-noise ratio (SNR) in comparison to other 679 
resting state networks and can thus suffer from signal loss (Yeo et al., 2011). In our analyses we 680 
compared summarized average measures on a network-level in order to reduced the influence of 681 
low SNR present in some but not all voxels within the limbic network. 682 
Besides the above-mentioned issues, which primarily regard options in MRI data processing, it 683 
should be noted that, although the sample remained physically and mentally healthy across 684 
follow-up according to general health indicators, we cannot fully exclude that a small percentage 685 
27 
 
of the study population deviated from healthy cognitive aging trajectories given that our study 686 
design did not contain comprehensive clinical assessm nts besides the MMSE.  687 
Furthermore, with respect to statistical modeling, we would like to point out that we fit 688 
hypothesis-driven “maximal” LMEMs, to investigate the change in functional segregation and 689 
cognition, that contained random slopes for time, rega dless of the estimated variance of the 690 
random slopes (Barr et al., 2013). However, the (near-z ro) variance in the random effects 691 
structure did not have an important influence on the significance tests of the fixed effects, thus 692 
not changing the interpretation of the results in comparison to random intercept models. 693 
Importantly, the extraction of random slopes for the effect of time allowed us to test associations 694 
between individual rates of change in brain and cognition.  695 
Finally, future studies should investigate the association between the resting state functional 696 
segregation and performance in other cognitive domains, as some studies suggest that this 697 
relationship also depends on task complexity and cognitive load (Yue et al., 2017).  698 
 699 
Conclusions 700 
Using a network-based metric which summarizes the within- to between-network connectivity, 701 
we showed a significant change in the functional segregation of the default mode, frontoparietal 702 
control, salience ventral attention and limbic networks. In contrast, the dorsal attention, 703 
somatomotor and visual networks did not have any significant change in overall segregation over 704 
the 4-year time interval. The rate of change in the functional segregation of the frontoparietal 705 
control network and the limbic network was associated with the rate of change in processing 706 
speed, suggesting stronger cognitive decline at higher rates of decrease in the segregation of this 707 
network. and verbal learning and memory, respectively. Finally, our findings highlight the 708 
importance of the segregation index as a neural marker of aging-related changes in network 709 
organization and cognitive function. 710 
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